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Arabidopsis transcriptome polymorphisms <p>New methods for detecting global patterns of gene expression and splicing variation in natural Arabidopsis thaliana populations.</p>
Abstract
Whole genome tiling arrays are a key tool for profiling global genetic and expression variation. In
this study we present our methods for detecting transcript level variation, splicing variation and
allele specific expression in Arabidopsis thaliana. We also developed a generalized hidden Markov
model for profiling transcribed fragment variation de novo. Our study demonstrates that whole
genome tiling arrays are a powerful platform for dissecting natural transcriptome variation at multi-
dimension and high resolution.
Background
Natural gene expression variation represents perturbations
in the cellular network underlying morphological and physio-
logical diversity. It reveals altered signaling pathways that
may include early events responsible for phenotypic varia-
tion. Gene expression phenotypes are complex traits that map
to genetic loci acting in cis and/or trans [1-5]. Trans-acting
loci affect expression of both alleles of the downstream gene,
while cis-acting loci represent genetic polymorphisms in the
regulatory elements causing allelic variation. Cis-regulatory
variation and dosage effects of trans  regulatory variation
result in additivity of gene expression, with the expression
level of F1 hybrids being intermediate to that of parents.
Allele specific expression (ASE) in heterozygous individuals,
which directly measures cis variation, is common in human
[6-8], Arabidopsis  [9] and maize [10,11]. Nonadditivity of
gene expression, where the expression level of F1 hybrids
deviates from the midpoint of the parental expression levels,
indicates dominant trans regulatory variation, novel combi-
nations of trans regulatory factors and/or cis × trans interac-
tion. Additivity of gene expression has been tested globally in
a few diploid organisms, including Drosophila [12-14], mouse
[15,16], maize [11,17] and Arabidopsis [18]. Regulatory effects
of trans variation and cis × trans interaction could depend on
environmental conditions or developmental stages, which
contribute to natural variation of gene expression plasticity.
In eukaryotic organisms, transcriptome variation may result
from quantitative as well as structural differences of the tran-
scripts. Eukaryotic genes are initially transcribed as pre-mes-
senger RNA (pre-mRNA). The excision of introns and ligation
of exons is mediated by the spliceosome, a ribonucleoprotein
complex containing small nuclear RNAs and associated pro-
teins [19,20]. Alternative combinations of exons allow a sin-
gle gene to produce a variety of transcript isoforms. This
diversifying process, also known as alternative splicing, is a
common phenomenon in eukaryotic organisms [21]. Alterna-
tive splicing could generate mRNAs with different stability
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[22] or different cellular localization [23,24], and proteins
with distinct functions [25]. The regulation of both constitu-
tive and alternative splicing involves auxiliary elements and a
variety of splicing factors [26-28]. The splicing process could
be substantially different between animals and plants, espe-
cially in the early splicing site recognition steps [29,30]. Exon
skipping is a predominant form of alternative splicing in ani-
mals, while alternative intron retention is frequently
observed in plant genes [30-32].
Microarrays provide a comprehensive platform for the study
of natural transcriptome variation between closely related
genomes. Gene expression arrays and exon arrays, on which
each annotated gene or exon is interrogated by approximately
the same number of probes, have been widely used in gene
expression studies [33]. The genomic coverage of these arrays
is limited, however, by the completeness of annotation. On
the other hand, a popular microarray design for detecting
alternative splicing features oligonucleotide probes that cover
exon-exon junctions of spliced transcripts [34,35]. Again,
these arrays aim to investigate known alternative splicing
events [36]. Whole genome tiling arrays cover the entire
genome with high density oligonucleotide probes, independ-
ent of any prior knowledge of transcripts [37,38]. Gene
expression is assayed across the complete gene while splicing
variation can be indirectly assessed as alternative expression
within the gene. The tiling array design also allows a de novo
transcriptome profiling, by revealing new transcribed frag-
ments, gene boundaries, and novel splicing forms. In this
study, we report the natural variation in transcript level and
splicing between two A. thaliana accessions, Columbia (Col)
and Vancouver (Van), using the Affymetrix whole genome til-
ing array, which contains approximately 1.6 million unique
features at a 35 base resolution. Using a quantitative genetics
model, we dissect additive, dominance and maternal expres-
sion variation among parental and reciprocal hybrid geno-
types for annotated gene/exon/intron. We also take an
unbiased approach to infer differentially expressed fragments
independent of the annotation. These analyses have revealed
global patterns of gene expression and splicing variation
between natural A. thaliana populations.
Results
Genome wide sequence polymorphisms
Natural variation in gene expression, as read out by hybridi-
zation differences on a microarray, is due to both true gene
expression differences and genetic hybridization polymor-
phisms. The effect of single feature polymorphisms (SFPs)
[39] can be significant when the analyzed unit is interrogated
by only a small number of probes, or when the locus has a
high level of genetic variation [40]. Copy number polymor-
phisms, reflected as continuous SFPs interrupted by signals
from low quality probes, are an additional source of genetic
polymorphisms interfering with expression analysis. In this
study we did parallel hybridizations of genomic DNA and
cDNA samples to the Arabidopsis tiling array 1.0 F (Affyme-
trix, Santa Clara, California, USA). Four maternal seed batch
replicates (Materials and methods) were included for each of
the two A. thaliana strains, Col and Van.
We first identified the SFPs between Col and Van as described
previously [39]. A total of 125,043 SFPs were detected at a 5%
false discovery rate (FDR; Table S1A in Additional data file 2).
As the reference genotype of the 1.0 F array is Col, the 118,381
SFPs with a greater signal in Col can be located to the exact
chromosome positions. The remaining 6,662 SFPs with a
greater signal in Van are likely due to duplications in Van or
insertions that cross-hybridize. To identify large (>200 bp)
deletions and duplications in Van relative to Col, we applied a
segmentation algorithm on the genomic hybridization inten-
sities [41]. The probe-level data used here were p-values col-
lected from one-sided two sample t-tests for the alternative
hypothesis H1: Van > Col. Using the Akaike Information
Criterion, segment boundaries for each of the five chromo-
somes were identified. We then defined deletions and dupli-
cations as segments with a median p-value > 0.99 and a
median p-value < 0.02, respectively. Non-symmetric p-value
cutoffs were used as the probe intensity differences of dupli-
cated regions were generally less than that of deleted regions
(Figure 1a). This is because at log scale, about one unit of sig-
nal increase is observed across duplications, while several
units of signal decrease are seen for deletions. A total of 1,645
deletions and 136 duplications were detected in Van (Table
S1B in Additional data file 2). The distribution of the length of
indels centered around 500 bp while a few very large dele-
tions were also detected (Figure 1b). Examination of the dis-
tribution of indels in 100-kb bins along the chromosome
suggests that they tend to accumulate in the pericentromeric
region (Figure 1c). Here, Van duplications were presented on
the Col physical map, although they may not be tandem dupli-
cations and could map elsewhere. Interestingly, genes
present in Col but deleted in Van are expressed at lower abso-
lute levels in Col when compa r ed w ith  ra ndo mly sa mpl ed
g e n e  s e t s  ( F i g u r e  S 1  i n  A d d i t i o n a l  d a t a  f i l e  1 ) ,  p r o b a b l y
because gene expression levels are inversely correlated with
their distance to the centromeres.
Natural variation of gene expression
A total of 29,409 annotated genes are interrogated by the 1.0
F array, with exon and intron boundaries inferred from
expressed clone sequences or computational prediction.
Before performing gene expression analysis, the low quality
probes and probes interrogating sequence polymorphisms
detected from genomic hybridizations were removed from
RNA hybridization data. Importantly, as overall gene expres-
sion level was estimated as the average across common exons,
exon probes were defined as probes interrogating gene
sequences that are present in 50% expressed sequence
clones. Under this constraint, a total of 24,756 genes interro-
gated by 625,240 exon probes were then analyzed, with ahttp://genomebiology.com/2008/9/11/R165 Genome Biology 2008,     Volume 9, Issue 11, Article R165       Zhang et al. R165.3
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mean density of 25 probes per gene (Figure S2A in Additional
data file 1).
In quantitative genetics terminology, additivity of gene
expression implies that the expression level of a given locus in
F1 hybrids is approximately at the midpoint of that of the
parental lines (henceforth called the 'mid-parent'), while
dominance of gene expression indicates that expression of F1
hybrids deviates from the mid-parent (Figure S2B in Addi-
tional data file 1). In addition, maternally inherited trans reg-
ulatory factors or epigenetic mechanisms may cause gene
expression levels that are correlated with maternal genotypes
(Figure S2B in Additional data file 1). To jointly test for these
effects, for each gene we applied a linear model:
Intensity = Additive + Dominant + Maternal + Error
The additive, dominant and maternal terms in the model
measure the expression difference between parents (addi-
tive), between the average of F1s and the mid-parent (domi-
nant), and between reciprocal F1s (maternal), respectively.
For each term, a d  score (Materials and methods) was
obtained for each gene and a permutation based approach
was applied to determine the FDR [42]. Because the null d
score distributions of the additive, dominant and maternal
terms were essentially identical (Figure S2C in Additional
data file 1), we applied the same threshold to call significance
for the three terms (Table S2A in Additional data file 2).
Nearly 8% (1,925) of the analyzed genes were differentially
expressed between Col and Van at a 2% FDR, two-thirds
(1,249) of which were up-regulated in Col. About 3% (667) of
genes were differentially expressed between parents and F1
hybrids at a 6% FDR, the majority (575) being repressed in
the hybrids. Less than 1% (163) of genes were differentially
expressed between reciprocal F1 hybrids at a 17% FDR, all of
which were down-regulated in the Van-mother hybrids (Fig-
ure 2a). For the 1,925 genes differentially expressed between
Col and Van, the ratio of the estimated effect of the dominant
term to that of the additive term (d/a) exhibited a left-skewed
normal distribution (Figure 2b), indicating dominant effects
from the Van line. Genes down-regulated in Van tended to be
repressed in the F1s, while a small number of genes up-regu-
lated in Van were highly expressed in the hybrids (Figure 2b).
To examine the relative expression difference among Col,
Van, and the reciprocal hybrids for genes significant for dom-
inant or maternal terms, we partitioned the four genotypes
into two groups based on their expression mean by k-means
clustering (Figure 2c; Table S2B in Additional data file 2). For
667 genes differentially expressed between parents and F1
hybrids, 61% (404) exhibited normal dominance with hybrids
clustering with a single parent, 25% (168) showed over-dom-
inance, of which 142 were repressed in F1 hybrids, and 12%
(78) had one F1 hybrid strain clustered separately from the
other three strains. For 163 genes differentially expressed
between reciprocal F1 hybrids, 70 correlated with the mater-
nal genotype and 12 with the paternal genotype. Again, we
observed strong dominant negative effects from the Van line.
The enrichment of differential gene expression in functional
annotation categories was examined with a parametric gene
set enrichment analysis [43] using the d scores for each term
as summary statistics (Table S3 in Additional data file 2). We
found that chlorophyll biosynthetic process, response to salt
stress, response to cadmium ion, response to abscisic acid
stimulus and sterol biosynthetic process were up-regulated in
the Col line, while flavonoid biosynthetic process and transla-
The deletions (orange) and duplications (blue) detected in Van Figure 1
The deletions (orange) and duplications (blue) detected in Van. (a) The density distribution of median probe log intensity difference between Col and Van 
for deletions, duplications, and all analyzed probes (black). For each probe the absolute difference of mean probe log intensity between four Col replicates 
and four Van replicates was calculated. The medians were then obtained across deleted or duplicated regions. (b) The length distribution of deleted and 
duplicated regions. (c) The chromosome distribution of deleted and duplicated regions. Each chromosome was divided into 100 kb bins. Within each bin 
the length of deletions or duplications was divided by the bin size (y-axis). The black ticks along each chromosome mark the position of centromeres.
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tion were up-regulated in the Van line. An interesting pattern
emerged when gene set enrichment analysis was performed
for the dominant term: a large number of growth-related bio-
logical processes were suppressed while defense response
pathways were up-regulated in F1 hybrids compared with
those in parental lines.
Cis-regulatory variation revealed by allele specific 
expression
Gene expression additivity could be caused by a cis difference
or an additive trans difference. Direct measurement of ASE in
F1 hybrids provides one approach to detect cis variation. The
RNA hybridization intensities of SFP probes in transcribed
regions reflect the overall transcript level as well as the allelic
composition of that transcript (Figure S3A in Additional data
file 1). To correct for gene expression variation, for each gene
we estimated the fold differences in expression level using
non-SFP probes, which were then subtracted from the log
intensities of SFP probes. Our detection of ASE relies on a lin-
ear assumption that the binding coefficients of SFP probes for
both perfect match targets and mismatch targets are constant
across concentrations [44]. This implies that the mid-parent
value (equal allele expression) could be estimated using
genomic hybridization of F1 hybrids as reference (Materials
and methods). ASE was thus detected as the deviation of log
intensities of F1 hybrids from that of mid-parent for the SFP
probes within the transcript. We applied a simple linear
regression to test this, as the log intensity distribution of mid-
parent and F1 hybrids was close to a normal distribution with
stable variance (Figure S3B in Additional data file 1).
When a single threshold was applied to call significant ASE
genes, a larger number of Van-ASE genes than Col-ASE genes
was called. Further examination revealed that the log intensi-
ties of SFP probes for many of these Van-ASE genes were dis-
tributed at the low end (Figure S3C in Additional data file 1),
suggesting possible overestimation of mid-parent values at
low target concentrations. This could be addressed by exclud-
ing from analysis genes with low expression levels [44] or by
applying a more stringent threshold to select Van-ASE genes
with external FDR calibration [44]. At a 0.1% FDR deter-
mined by permutation analysis, a total of 209 Van-ASE genes
were called significant (Table S4A in Additional data file 2),
from which we randomly selected two for experimental vali-
dation and confirmed one (Table S4B in Additional data file
2). This means that the real FDR for the 209 Van-ASE genes
could be 50%. Thus, the threshold appeared to be appropriate
for calling Van-ASE genes.
Among 9,745 genes analyzed, 540 genes showed Col allele
specific expression at a 1% FDR (Table S4A in Additional data
file 2). An example of ASE genes is presented in Figure 3a.
Since ASE genes contain cis-regulatory variations, many of
them should exhibit differential expression between parental
lines. We thus estimated the fold enrichment of the ASE genes
in the set of differentially expressed genes between Col and
Van. As expected, increasing the significance threshold for
either differential expression or ASE increased the fold
enrichment (Figure 3b). The ASE genes were especially
enriched within differential genes of high statistical signifi-
cance; the 749 ASE genes were enriched in the top 642 differ-
ential genes by more than three-fold (Figure 3b).
Under the linear assumption, a more straightforward
approach to estimate the mid-parent value is to use the aver-
age of SFP probe intensities of parental RNA hybridizations
The additive, dominant and maternal effects of gene expression Figure 2
The additive, dominant and maternal effects of gene expression. (a) The number of genes (y-axis) significant for additive (left), dominant (middle), or 
maternal (right) terms. From left to right, the bars represent Col > Van, Van > Col, F1s > parents, parents > F1s, Col mother F1 > Van mother F1, Van 
mother F1 > Col mother F1. (b) Histogram of the dominance/additive ratio (x-axis) for 1,925 genes differentially expressed between Col and Van at a 2% 
FDR. The red lines represent the number of genes up-regulated in Col. (c) The inheritance pattern determined by partition of gene expression means by 
k-means, for genes significant for dominant (left block) or maternal (right block) terms. From left to right, the bars represent the number of genes (y-axis) 
showing Col dominance (Col > Van, Col < Van), Van dominance (Van > Col, Van < Col), over-dominance (F1s > parents, F1s < parents), Col mother F1 
separated from the other three strains (Col mother F1 > others, Col mother F1 < others), Van mother F1 separated from the other three strains (Van 
mother F1 > others, Van mother F1 < others), maternal effect (Col > Van, Col < Van), and paternal effect (Col >Van, Col < Van).
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(Materials and methods). This approach performed poorly,
however, in comparison with that using genomic hybridiza-
tion as reference. Only 30 genes were called significant at a
34% FDR (Table S4C in Additional data file 2), 25 of which
overlapped the 749 ASE genes detected by using genomic
hybridization as reference.
Allelic difference between reciprocal F1 hybrids, resulting
from genomic imprinting, has been identified for several
genes in A. thaliana endosperms [45]. Using the corrected
SFP probe intensities, allelic differences between reciprocal
F1 hybrids can be estimated. No significant imprinting effect
was detected, however, in our 3-day-old seedling samples
(data not shown).
Natural variation of splicing
We next examined splicing variation between Col and Van.
Since the majority of exons were expressed in our whole seed-
ling mRNA preparations (Figure S4A in Additional data file
1), their hybridization intensities depended on overall tran-
script abundance as well as possible splicing variation that
would modify a particular exon expression level. Thus, overall
gene expression variation should be corrected for before test-
ing for exon differences. Such a correction, however, shrinks
the difference between two differentially spliced exons while
simultaneously introduces a difference for the other exons in
the same gene, since the overall gene expression level is
underestimated in the presence of a skipped exon. Exons
interrogated by >25% of the total gene probes were excluded
from analysis, as they showed no enrichment for significant
calls compared with null distribution, likely due to their large
correlation with gene expression estimates (data not shown).
A total of 68,022 exons for 15,349 genes were analyzed with a
mean density of 3.7 probes per exon (Figure S4B in Addi-
tional data file 1). For each exon, probe intensities corrected
by either mean gene expression or median-polished gene
expression were tested with a linear model including additive,
dominant and maternal terms. As an alternative approach to
the probe level analysis, splicing indices [34] were also tested
for the same 68,022 exons (Materials and methods).
Using probe intensities corrected by gene mean, only 0.35%
(236) of the 68,022 analyzed exons were called significant for
differential splicing between Col and Van at a FDR of 41%
(Table 1). Using probe intensities corrected by gene median,
0.34% (230) of the analyzed exons were called significant at a
24% FDR while 0.74% (500) could be called at a higher FDR
of 41% (Table 1). As the exons analyzed here were interro-
gated by 25% of total gene probes, estimation of gene
median expression would be less affected by alternatively
spliced probes. Using splicing indices, 0.38% (258) of the
analyzed exons were called significant at a 4.6% FDR while
0.71% (482) were called at an 18% FDR (Table 1). Based on
these different analyses, we expected that the top approxi-
mately 0.7% of exons contained true positives. We thus
selected for further analysis 477 significant exons with correc-
tion by gene mean, 500 with correction by gene median, and
482 with splicing indices. Not surprisingly, a substantial
number (297) of the significant calls from the three
approaches overlapped. For the probe level analysis, we used
a single threshold to select exons significant for additive,
dominant or maternal terms (Table S5A, S5B in Additional
Detection of ASE in F1 hybrids Figure 3
Detection of ASE in F1 hybrids. (a) Col ASE for gene AT4G29950. After correction of overall gene expression level, the relative log intensity (y-axis) for 
Col (red), Van (blue), F1 hybrids (orange), and mid-parent (black) were plotted along chromosomal positions (x-axis), with standard deviation indicated. 
Solid dots, non-SFP probes; crossed circles, SFP probes. (b) Fold enrichments of significant ASE genes within the differential genes between Col and Van. 
The numbers of significant calls were selected according to permutation-based FDRs.
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data file 2) based on their identical null d score distributions
(data not shown). The inheritance of differential exon splicing
was predominantly additive (Figure 4a).
As the default status of introns is to be spliced (Figure S4A in
Additional data file 1), a direct comparison of intron probe
intensities should reveal relative intron retention between
genotypes. A total of 62,859 introns for 17,434 genes were
analyzed with a mean density of 3.7 probes per intron (Figure
S4B in Additional data file 1). For each intron, probe intensi-
ties were again tested under the same linear model with the
additive, dominant and maternal terms. About 0.73% (459) of
the analyzed introns were called significant for differential
splicing between Col and Van at a 3% FDR, 239 retained in
Col and 220 retained in Van (Table 1). Similar to exons, inher-
itance of the differential intron splicing was largely additive
(Figure S4C in Additional data file 1). Although 0.14% (87) of
analyzed introns were differentially expressed between mid-
Table 1
Differential spliced exons and introns detected at different thresholds
Delta* Sig+† Sig-† Total False‡ FDR (%)
Exon (gene mean)§ 0.3 287 190 477 559 117
0.4 177 129 306 205 67.0
0.5 127 109 236 97 41.0
0.6 92 86 178 55 30.8
0.7 77 69 146 34 23.4
0.8 57 54 111 23 20.8
0.9 32 39 71 16 22.8
12 8 2 9 5 7 1 2 2 0 . 5
Exon (gene median)¶ 0.3 523 280 803 556 69.2
0.4 328 172 500 203 40.6
0.5 223 120 343 96 28.0
0.6 154 76 230 54 23.5
0.7 123 52 175 34 19.3
0.8 101 47 148 23 15.6
0.9 71 32 103 16 15.6
15 6 2 8 8 4 1 2 1 3 . 8
Exon (splicing index)¥ 0.3 402 249 651 302 46.4
0.4 310 172 482 86 17.8
0.5 233 132 365 30 8.16
0.6 166 92 258 12 4.64
0.7 134 86 220 6 2.53
0.8 105 74 179 3 1.56
0.9 80 60 140 2 1.16
1 64 50 114 1 0.77
Intron 0.3 561 1,034 1,595 332 20.8
0.4 405 523 928 85 9.17
0.5 316 352 668 28 4.26
0.6 239 220 459 12 2.61
0.7 202 155 357 7 1.91
0.8 176 120 296 5 1.53
0.9 140 94 234 3 1.31
1 120 75 195 2 1.15
The total number of analyzed exons was 68,022 for 15,349 genes, and of analyzed introns was 62,859 for17,434 genes. *Thresholds. †Significant calls 
with greater expression in Col (Sig+) or greater expression in Van (Sig-). ‡False calls based on 1,000 permutations. §Exonic splicing analysis using 
exon intensity corrected by gene mean. ¶Exonic splicing analysis using exon intensity corrected by gene median. ¥Exonic splicing analysis using splicing 
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parent and F1 hybrids at a 13% FDR (Table S5D in Additional
data file 2), many of which could merely reflect gene expres-
sion dominance as the probe intensity of retained introns
depends on the level of gene expression as well as the level of
intron retention.
We further analyzed the enrichment in Gene Ontology func-
tional categories for genes containing the 477 differentially
spliced exons (correction by gene mean) or the 459 differen-
tially spliced introns, using Fisher's exact test (Table S6A,
S6B in Additional data file 2). Differentially spliced introns
were significantly enriched in the chloroplast thylakoid mem-
brane (p < 4.51E-04) and thylakoid lumen (p < 3.93E-03) cat-
egories. Close examination of the corresponding 16 genes
located in the thylakoid membrane revealed 11 genes as con-
stituents of the photosynthetic apparatus, including the light
harvest complex, photosystems, cytochrome b6f complex, P-
type ATPase and electron transporters (Table S7A in Addi-
tional data file 2). In addition, many differentially spliced
genes located in the thylakoid lumen functioned in proteoly-
sis or protein folding, presumably to repair or maintain the
photosynthesis apparatus (Table S7A in Additional data file
2). Differentially expressed genes were also significantly
enriched in the thylakoid membranes (p < 3.78E-06; Table
S6C in Additional data file 2), where they partially overlapped
with the differentially spliced genes (Table S7B in Additional
data file 2).
The additive, dominant and maternal effects of splicing Figure 4
The additive, dominant and maternal effects of splicing. (a) Quantile-quantile plots of additive (left), dominant (middle) and maternal (right) terms for 
exonic splicing. The real d scores (y-axis) were plotted against the null d scores (x-axis) obtained by 1,000 permutations. (b) Experimental validation for 
AT1G51350 intron 8. The relative log intensity (y-axis) of Col (red) and Van (blue) was plotted along chromosomal positions (x-axis), with standard 
deviation indicated. Annotated exons and introns are indicated as thick and thin black horizontal bars, respectively, at y = 0. The arrows point to the start 
positions (along the forward strand) of the pair of flanking primers. Gel patterns show from left to right: Van (V) and Col (C) genomic DNA (gDNA), and 
three replicates of Van and Col cDNA.
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Validation of differential splicing
As an in silico validation, we examined the fold enrichment of
the detected differential exons in known alternatively spliced
exons annotated in TAIR7 GenBank files. Differential exons
called by each of our three approaches all showed enrichment
in known alternatively spliced exons. There was 3.92-fold
enrichment (p  < 5.97E-09) for the 477 exons detected by
analysis with correction by gene mean, 3.09-fold enrichment
(p < 3.60E-06) for the 500 exons detected with correction by
gene median, and 2.16-fold enrichment (p < 5.30E-03) for the
482 exons detected with splicing indices (Table S8A in Addi-
tional data file 2).
To provide an independent estimation of FDR for differential
splicing, we tested a set of differential exons and introns by
reverse transcription PCR (RT-PCR; Additional data file 3).
Although the list was slightly biased toward highly significant
calls, it still covered a broad range of the test statistic distribu-
tion (Figure S4D in Additional data file 1). Whenever possi-
ble, primers were designed to immediately flank the detected
exon/intron region. Band patterns of RT-PCR products were
compared between Col and Van across three maternal seed
batch replicates. For 43 tested exons, 36 were from the list
containing 477 exons (correction by gene mean) of which 44%
(16/36) were suggested by RT-PCR (Table S8B in Additional
data file 2). For differential introns, from the list of 459, 61%
(38/62) were suggested by RT-PCR (Table S8B in Additional
data file 2). Interestingly, many instances of differential splic-
ing between Col and Van were also alternative splicing within
Col or Van, as demonstrated by multiple transcript variants
within genotypes. The splicing difference could be due to a
novel transcript variant only occurring in one genotype or
could be due to a different ratio of transcript variants between
genotypes (Figure 4b). We were aware, however, that the gel-
based validation was limited by sensitivity and resolution.
Furthermore, the relationship between the band patterns and
the probe intensities were indirect, as the probe intensity dif-
ference might reflect the sum of difference over several splic-
ing isoforms (Additional data file 3).
The impact of SFP probes on estimation of natural 
transcriptome variation
Several microarray studies of natural transcript level varia-
tion have shown that the effect of SFP probes is small
[15,16,46]; however, these studies all relied on gene expres-
sion arrays, where probe sequences are largely masked from
genetic polymorphisms identified from expressed sequence
tags. Whole genome tiling arrays lack this bias; their probe
sequences are selected based on the relative distance along
chromosomes. To estimate the effect of SFP probes on tiling
array analysis, we applied variance partition on parental
strain expression data for 10,764 genes, 5,280 exons and
10,931 introns that contained SFP probes. The model
included genotype, SFP and genotype × SFP interaction
effects. Although the variance contributed by SFP was moder-
ate in comparison with that by genotype (Figure S5A in Addi-
tional data file 1), the variance by SFP × genotype interaction
was significant, especially for exon splicing analysis (Figure
5).
We further examined the effect of SFP probes by comparing
the results with or without the SFP probes included in the
analysis. For gene expression, inclusion of SFP probes in the
analysis generally increased the number of significant calls
and decreased the permutation-based FDR at the same
thresholds (Table S9 in Additional data file 2). This was
caused by the overestimation of differential gene expression
levels, especially in the direction of greater expression in Col
as the majority of SFP probes have greater Col signals (Figure
S5B in Additional data file 1). For each threshold we com-
The effect of SFP probes on expression estimation Figure 5
The effect of SFP probes on expression estimation. F statistics of genotype × SFP effects (y-axis) and that of genotype effects (x-axis) were obtained from 
the ANOVA model, Gene/exon/intron intensity = Genotype + SFP + Genotype × SFP + Error, for (a) gene expression, (b) exonic splicing, and (c) 
intronic splicing analysis.
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pared the fold enrichment of SFP-containing genes in the sig-
nificant calls with or without the SFP probes included in the
analysis. The SFP-containing genes were enriched in the sig-
nificant calls even for the analysis in which SFP probes were
excluded, since polymorphic genes tend to be differentially
expressed. Nevertheless, the fold enrichments were signifi-
cantly higher in the analysis that included SFP probes (Table
S9 in Additional data file 2). For exon splicing analysis with
SFP probes included, although the differential expression
level of SFP-containing exons was generally overestimated in
the direction of greater signals in Col, many non-SFP exons
were overestimated in the direction of greater signals in Van
(Figure S5C in Additional data file 1). This is likely because
the inclusion of SFP probes caused the underestimation of
Van gene expression; the signals of non-SFP exons within
these genes were therefore overestimated for Van due to the
correction by overall gene expression level. In comparison
with gene expression and exonic splicing, the fold enrichment
differences dependant on inclusion of SFP probes was not as
striking for intronic splicing (Table S9 in Additional data file
2). This is likely because intronic splicing is highly correlated
with sequence polymorphisms within introns. Nevertheless,
the overlap of the significant calls between the analyses
including and excluding SFP probes was very low (data not
shown).
De novo transcriptome variation
As the annotation-based approach is limited by expression
library coverage, we developed a complementary approach
using a generalized hidden Markov model (HMM) to detect
differentially transcribed fragments between Col and Van,
independent of annotation (Figure 6a). For the cDNA hybrid-
izations, probe-level p-values were collected from one-sided
two sample t-tests for the alternative hypothesis H1: Van >
Col. Our model was then built to partition probe-level p-val-
ues into three hidden states, representing roughly equal
expression between Col and Van (state 1, p-values are uni-
formly distributed), greater expression in Van (state 2, p-val-
ues are close to 0), and greater expression in Col (state 3, p-
values are close to 1). Each hidden state contains a discrete
e m i s s i o n  d i s t r i b u t i o n  w i t h  5 0  b i n s  s p a n n i n g  [ 0 ,  1 ] ,  w h i c h
describes the probability of observing a given probe-level p-
value conditioned on the hidden state. The model also con-
tains a three-by-three base transition matrix T with three free
parameters, t11, t22, and t33, where tii is the probability of tran-
sitioning from state i to state i in a single base step. The rest
of the matrix is determined by the relationship tij = (1 - tii)/2
when i does not equal j. To incorporate the variation of probe
distance, the transition matrix was further defined as Tb for
two probes whose midpoints are b bases apart. This heteroge-
neous Markov process allows more frequent state transitions
between more distant neighboring probes [47]. The Baum-
De novo transcriptome variation Figure 6
De novo transcriptome variation. (a) The generalized HMM procedure for a chromosome region. Upper panel: the relative log intensity for four Col 
replicates (red) and four Van replicates (black) along chromosome positions. Blue bars, annotated genes. Middle panel: probe level p-value was obtained by 
one-sided two sample t-test between Col and Van. Emission and transition probability was estimated by the Baum-Welch algorithm. Lower panel: 
posterior probabilities of no difference (blue), greater Van expression (green), and greater Col expression (orange) were determined using the Forward-
Backward algorithm. Black line: 0.99 posterior probability cutoff. (b) The distribution of the length of differential segment (white bars) and probes per 
differential segment (grey bars) for state 2 (upper panel) and state 3 (lower panel) segments.
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Welch algorithm [48] was used to estimate the emission dis-
tributions directly from the data, with a quasi-Newton
bounded optimization algorithm [49] applied once every ten
iterations to re-estimate the transition probabilities. This
hybrid estimation approach was applied separately to each of
the five chromosomes, with no significant differences in
emission distributions or transition parameters observed
(Figure S6 in Additional data file 1). Following parameteriza-
tion, the Forward-Backward algorithm was applied to com-
pute the posterior probability for all three states at each probe
position. Segments were collected within which all probes
have a state 1, state 2 or state 3 posterior probability > 0.99. A
total of 6,800 differential segments were identified, 4,262
with greater expression in Col and 2,538 with greater expres-
sion in Van. The median length of the differential segments
was about 330 bp and 7 probes (Figure 6b).
The differential segments fell largely within the annotated
gene regions, although the exact coincidence of segment
boundaries and annotated gene/exon boundaries was often
undetectable, likely due to the limitation of probe density of
the 1 F array. For a comparison of the HMM and the annota-
tion-based analyses, we collected all differential segment(s)
that contained 3 probes within the annotated gene bounda-
ries. These differential segments, using our predefined crite-
ria (Materials and methods), represented 2,673 differentially
expressed genes, 1,222 differentially spliced genes, 109 novel
gene boundaries and 85 non-annotated transcripts (Table 2).
About 79% of differentially expressed genes detected by the
annotation approach at a 3% FDR were also detected by the
HMM analysis, while only 10% of differentially spliced genes
detected by the annotation approach were also detected by
the HMM analysis (Table S10 in Additional data file 2). Fur-
thermore, 301 differentially spliced genes detected by annota-
tion were called by the HMM analysis as differentially
expressed genes, and an additional 295 genes labeled as dif-
ferentially expressed by annotation were called by the HMM
analysis as differentially spliced (Table S10 in Additional data
file 2). Differentially spliced genes detected by the HMM anal-
ysis were enriched in known alternatively spliced genes by
1.66-fold (p < 2.56E-08), a fold enrichment comparable to
that of the annotation approach. Among the differentially
spliced genes subjected to RT-PCR validation, 22 were
detected by the HMM analysis, of which 13 were suggested to
be true positives.
Several factors may explain the discrepancy between the two
approaches. First, for many differentially spliced exons/
introns detected by the annotation approach, the correspond-
ing genes were expressed at different levels. Currently, our
HMM method is unable to detect splicing differences in the
presence of gene expression differences, as quantitative inter-
nal variation of a differential segment was not accounted for.
Second, for many differential segments detected by the HMM
analysis, which were called as differentially spliced, their
probe intensity differences were relatively small or they
involved un-annotated exon/intron structure. Such splicing
differences are likely unable to be called by the annotation
approach, as the correction of the probe intensities by whole
gene expression level would mask additional small differ-
ences. Importantly, the cutoff to distinguish between differ-
ential expression and differential splicing for the HMM
analysis (Materials and methods) was rather arbitrary. It is
likely that a finer tiling array resolution would allow a finer
delimitation of the start and stop positions of HMM seg-
ments.
Discussion
The two A. thaliana accessions used in this study, Col and
Van, were collected from distinct geographic locations. At the
3-day-old stage, overall growth and morphology was indistin-
guishable between Col and Van seedlings. About 8% of their
genes, however, already exhibited differences in expression
level. Differentially expressed genes were enriched in biolog-
ical processes that depend on variable environmental factors,
Table 2
The number of significant calls by de novo transcriptome profiling
Col > Van Van > Col Total
Annotation Differential expression* 1,626 923 2,549
Differential exonic splicing† 287 190 477
Differential intronic splicing‡ 239 220 459
HMM Differential expression 1,667 1,006 2,673
Differential splicing 765 457 1,222
Un-annotated transcript 37 48 85
Un-annotated 5' 31 32 63
Un-annotated 3' 30 16 46
*The number of significant calls at a 3% FDR for differentially expressed genes. †The number of significant calls for differentially spliced exons using 
exon probe intensity corrected by gene expression mean. ‡The number of significant calls at a 3% FDR for differentially spliced introns.http://genomebiology.com/2008/9/11/R165 Genome Biology 2008,     Volume 9, Issue 11, Article R165       Zhang et al. R165.11
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including light, water, salt and pathogen presence (Table S3
in Additional data file 2), suggesting a possible mechanism of
adaptation to distinct habitats. Interestingly, Van harbors a
null mutation at ERECTA [50], which has been identified as a
trans regulatory hot spot [51]. Future mapping of expression
quantitative trait loci (eQTL) in segregating populations
between Col and Van is required to dissect the causative loci
for these gene expression variations [51,52]. Several recent
microarray studies have consistently demonstrated substan-
tial natural variations in transcript level among A. thaliana
accessions [18,46,51-53]. The exact proportions of differen-
tial genes reported by these studies, however, are quite differ-
ent, ranging from 4% [51] to 32% [18]. Between Col and Van,
10% of differential genes were detected in a study of seven A.
thaliana accessions [46,53]. Different biological samples, sta-
tistical approaches and microarray platforms all contribute to
these differences. Distinct from previous studies, we control-
led the effect of sequence polymorphisms using parallel
genomic hybridizations and demonstrate that this is critical
for analysis of natural transcriptome variation using whole
genome tiling arrays. Even so, we can not completely exclude
the possibility that there were SFP probes not removed at the
selected threshold, which may introduce technical bias result-
ing in, for example, a smaller number of genes with greater
expression in Van.
About 3% of genes exhibited expression dominance, largely
contributed by Van. Haploinsufficiency of ERECTA signaling
could be one explanation. The general down-regulation of
growth-related processes and up-regulation of defense
responses in F1 hybrids could also be explained by the genetic
incompatibility of rapidly evolving pathogen resistance genes
between Col and Van [54]. Studies on the inheritance pattern
of gene expression in F1 hybrids have led to quite different
conclusions. In maize F1 hybrids, only 20% of differentially
expressed genes were estimated to be dominant by microar-
ray profiling [11,17], while two-thirds of 30 genes tested by
northern blot were shown to be dominant [55]. In Arabidop-
sis, Vuylsteke et al. [18] found that, depending on accession
pair, 6-21% of genes showed dominance. Although the pro-
portion of dominant to additive genes estimated in our study
(35%) was within the range they reported, we observed much
less genes exhibiting overdominance. In mouse F1 hybrids
between laboratory strains, Cui et al. [16] estimated that the
proportion of dominant to additive genes was 36%. Even less
dominant effects were detected in F1 hybrids derived from
natural mouse strains [15]. Thus, for maize, Arabidopsis and
mouse, the additive effect of gene expression seems to be pre-
dominant, with a significant number of genes showing domi-
nant inheritance. In contrast, expression inheritance of
Drosophila is largely dominant in a sex-dependent manner
[12-14]. Unlike mouse [16] and Drosophila [12], which show
significant gene expression differences between reciprocal F1
hybrids, the parental effect is small in Arabidopsis [18] and
maize [11,17]. In our study, less than 1% of the analyzed genes
showed parental effects.
The study of gene expression additivity in an F1 hybrid system
tests the sum of regulatory effects across underlying eQTL.
Nevertheless, the non-additive effect of eQTL and transgres-
sion have been shown to be common [51,52,56]. Direct meas-
urement of ASE in F1 hybrids provides an alternative to
linkage analysis for detection of cis-regulatory variation that
contributes to gene expression additivity. We determined
that 8% of the analyzed genes had ASE using SFP probes
located within transcripts. As the genes had to contain SFPs
to be analyzed, these genes are already enriched for cis varia-
tion, suggesting that 8% is an overestimation of the propor-
tion of cis-regulated genes. The power for detecting allelic
differences in RNA samples by SFP probes was shown to be
low [44]. This is partly because the detection approach relies
on linear assumption of probe behavior, which could be
invalid when target concentration is too low or too high in
RNA samples. Estimation bias could be further introduced
due to the fact that only probes for perfect match targets were
present on the array. ASE detection using single nucleotide
polymorphism arrays, which contain probe sequences for
both alleles, will potentially solve this problem. The high fold
enrichment of ASE genes in highly significant differential
genes is consistent with previous observations that cis-varia-
tions tend to have large expression effects [51,57].
In contrast to gene expression, differential splicing showed
few dominant effects in F1 hybrids, indicating that splicing
variation is mainly due to cis variation, as expected. Never-
theless, additive trans variation cannot be ruled out. Qualita-
tive differences in transcript structure could have more severe
effects on normal cellular functions than quantitative differ-
ences in transcript level. On the other hand, splicing variation
provides one of the major mechanisms for rapidly evolving
new protein functions, which is critical for survival in unpre-
dictable environments. A recent study suggests that proteins
appear to be more tolerant of structural deletions, insertions
and replacements than previously thought [58]. Interest-
ingly, genes associated with various stress responses are espe-
cially prone to alternative splicing [32,59]. We found that
many genes involved in light acclimation responses, which
modulate the composition and function of the plant photo-
synthetic apparatus in response to the changing irradiance
[60], were differentially spliced between Col and Van. Future
studies in other A. thaliana accessions should reveal whether
this is a common phenomenon.
On the affymetrix 1.0 F array, the most frequent distance
between the middle bases of two adjacent probes is 35 bp.
With this resolution the majority of annotated genes are well
covered in terms of probe density. Thus, probe effects are
generally not a major issue in the estimation of overall gene
expression difference, as relative change across all probes is
tested. In contrast, the estimation of splicing differences,
especially exonic splicing variation, is more challenging. For
annotation-based exonic splicing analysis, as discussed previ-
ously, the signal-to-noise ratio of a true differential exon ishttp://genomebiology.com/2008/9/11/R165 Genome Biology 2008,     Volume 9, Issue 11, Article R165       Zhang et al. R165.12
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reduced by the correction for the overall gene expression dif-
ference. Probe density becomes the limiting factor here. The
small number of interrogating probes (Figure S4B in Addi-
tional data file 1) indicates that the statistical power to detect
a differential exon is lower than the power to detect a differ-
ential gene, and that the FDR will be higher. For example, a
low quality probe may not detect a true expression difference
for the gene but suggest the presence of a splicing difference
for that exon. The high FDR associated with the differential
exons, obtained by either permutation analysis or experimen-
tal validation, clearly demonstrates this.
Despite these limitations, our study demonstrates that the
high density whole genome tiling array is a powerful platform
for comparative transcriptome profiling in addition to devel-
opmental expression analysis [61]. Our strategy of annota-
tion-based modeling of the probe level intensity for gene
expression and splicing could be extended to include addi-
tional experimental treatments, such as environmental con-
ditions and/or developmental stages. The HMM method we
have developed is highly adaptable since the model requires
only a string of p-values as input; any statistical test may be
selected to appropriately extract the information from probe-
wise data for the comparison of interest. Refinements on
array design, specifically probe density, and our analysis tools
will certainly benefit future large-scale studies such as gene
expression association mapping. Next generation sequencing
technology, including Roche/454, or Illumina/Solexa paired-
end sequencing, represents a complementary method for
transcriptome profiling. Here, the precise transcript gene
structure is identified, but without multiple independent bio-
logical replicates, counted differences may not be significant.
Tiling arrays and high-throughput sequencing technologies
are synergistic, but so far very few studies have performed a
direct comparison or leveraged the strengths of both methods
[62].
Materials and methods
Plant material
Seeds of A. thaliana accessions Col-0 (accession number
[CS22625]) and Van-0 (accession number [CS22627]) were
obtained from the Arabidopsis Biological Resource Center.
Seeds were planted in soil, imbibed for 5 days in a cold room
at 4°C, and moved to a green house on 31 January 2005.
Plants were grown in the green house with 16 h light (cool
white light supplemented with incandescent) and 8 h dark at
a constant temperature of 20°C. The first cross experiment
was conducted on 28 February 2005, and on 1 March 2005
the second cross experiment was conducted between the
same plant pairs as in the first experiment. Both cross exper-
iments began around 9:00 am and ended around 5:00 pm. In
each experiment, four replicate crosses for each of Col × Col,
Van × Van, Van () × Col (), and Col () × Van () were
made. Each replicate cross was between individual paternal
and maternal plants and each parental plant was only used
once (16 Col and 16 Van plants used in total). For each repli-
cate cross, the seeds from the two experiments were com-
bined and used as one maternal seed batch. Thus, for each of
the crosses (Col × Col, Van × Van, Van () × Col (), and Col
() × Van ()), there were four independent maternal seed
batch replicates.
Approximately 250 seeds from each maternal seed batch
were grown on a single petri dish. After gas sterilization for 4
h, seeds were plated on a total of 16 0.7%-agar (Sigma, St.
Louis, Missouri, USA) plates supplemented with 0.5×
Murashige and Skoog salts (Sigma). Seed plates were placed
horizontally in a growth chamber (Percival Scientific model
E361, Percy, Iowa, USA) after stratification for 5 days at 4°C.
Seedlings were grown for 78 h under a diurnal mode with 12
h light (cool white light supplemental with red light) and 12 h
dark at a constant temperature of 20°C.
Sample preparation and microarray hybridization
Seedlings grown on each plate were split for genomic DNA
and RNA preparation. Genomic DNA was isolated from 100
seedlings for each plate using a DNeasy plant mini kit (Qia-
gen, Valencia, California, USA). About 300 ng DNA was
labeled using a BioPrime DNA labeling system (Invitrogen,
Carlsbad, California, USA) with conditions modified as previ-
ously described [39]. About 20 g total RNA was isolated
from an additional 120 seedlings per plate using an RNeasy
plant mini kit (Qiagen). Poly-(A) RNA was enriched from
total RNA using an Oligotex mRNA mini kit (Qiagen). Poly-
(A) RNA was mixed with 166 ng random hexamer (Invitro-
gen) and subjected to first-strand cDNA synthesis (Invitro-
gen) according to the manufacturer's recommendations in a
total volume of 40 l at 42°C for 1 h. The 40 l first-strand
reaction was used in second-strand cDNA synthesis (Invitro-
gen) according to the manufacturer's recommendations in a
total volume of 300 l at 16°C for 2 h. Samples were then sub-
jected to RNase treatment at 37°C for 20 minutes with 20
units RNaseH (Epicentre, Madison, Wisconsin, USA), 1 unit
RNaseA and 40 units RNaseT (Ambion, Austin, Texas, USA).
Double-stranded cDNA was further purified using a Qiaquick
PCR purification kit (Qiagen), and then labeled using a Bio-
Prime DNA labeling system (Invitrogen) as described above.
About 30 g of labeled product from genomic DNA or from
double-stranded cDNA was subjected to hybridization to
Arabidopsis Tiling 1.0 F array (Affymetrix) using a standard
gene expression array washing/staining protocol (Affyme-
trix).
Validation of differential splicing and allele specific 
expression
For each of the differential exons and introns selected for val-
idation, gene specific primers were designed to flank the pre-
dicted exon or intron using Primer3 [63], as listed in Table
S11A in Additional data file 2 .  S e e d l i n g s  w e r e  g r o w n  a s
described above, with three maternal seed batch replicates for
each of Col and Van. Total RNA was isolated from 120 seed-http://genomebiology.com/2008/9/11/R165 Genome Biology 2008,     Volume 9, Issue 11, Article R165       Zhang et al. R165.13
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lings per plate using a RNeasy plant mini kit (Qiagen). For
each sample, approximately 2 g total RNA was reverse tran-
scribed using 40 U Superscript III (Invitrogen) and 0.5 g
Oligo(dT)12-18 primer (Invitrogen) in a total volume of 20 l
at 42°C for 1 h. First strand cDNA was amplified using gene
specific primer pairs with the following PCR conditions:
denature at 94°C 3 minutes, 38 cycles of 94°C 15 s, 68°C 15 s,
72°C 30 s (or 45 s depending on the product size), extension
at 72°C 5 minutes. PCR products were separated on 1.2% aga-
rose gel.
For the two selected ASE genes, a single nucleotide polymor-
phism within each gene was selected. The sequences of flank-
ing PCR primers and extension primers were designed using
Assay Design 3.1 (Sequenom, San Diego, California, USA), as
listed in Table S11B in Additional data file 2. Reverse tran-
scription was performed as described above for mRNA sam-
ple from a F1 hybrid. Gene specific PCR was then performed
for the genomic DNA and reverse transcription products for
that F1 hybrid, using conditions described above except using
42 thermo-cycles. PCR products were cleaned with a
Qiaquick PCR purification kit (Qiagen), and submitted to the
University of Chicago Sequencing Core for extension reaction
and mass spectrometry (Sequenom).
Data analysis
The accession numbers of the microarray data in this study
have been deposited in the Gene Expression Omnibus (GEO)
[64] ([GEO:GSE8891], [GEO:GSE13620]). The genome
tracks of SFPs, deletions/duplications, gene expression vari-
ation, allele specific expression, splicing variation, and tran-
scribed fragment variation are included in Additional data file
4, which can be viewed using GBrowser [65].
Array annotation
Perfect match probes from the Arabidopsis tiling 1.0 F array
(Affymetrix) were megablasted against the Arabidopsis
genome release version 7 including mitochondria and chloro-
plast sequences with word size 8 and E-value 0.01. Single
perfect matches, without a second partial match of >18/25
bp, were selected, giving a total of 1,683,620 unique probes.
These were mapped to annotated mRNAs as intron, tran-
scription unit (exon, alternative exons), intergenic, or flank-
ing probes that span an annotated boundary.
Detection of deletion/duplication
Raw intensities from .CEL files of genomic hybridizations
were corrected for spatial effects and log transformed as pre-
viously described [66]. Probe intensities from all 1,683,620
probes were quantile normalized using the Bioconductor
package Affy. SFPs were detected using the Bioconductor
package Siggenes as previously described [39]. For detection
of deletion/duplication, the probe-level p-values were col-
lected from one-sided two sample t-tests for the alternative
hypothesis H1: Van > Col. Each of the five chromosomes
was divided to 1 Mb bins and analyzed separately to reduce
the memory usage. The segment algorithm [41] was applied
to the probe level p-values, with maximum segment length set
as 5,000 probes × 35 bp/probe = 175 kb, and base per seg-
ment set as 5 kb. Thus, the algorithm calculated 1 to 200 pos-
sible segments within a 1 Mb region to determine the segment
boundaries. The optimal number of segments from each of
the 1 Mb bins were determined by the Akaike information cri-
terion or Bayesian information criterion. Segments with
median probe p-value > 0.99 (deletion) or median probe p-
value < 0.02 (duplication) were collected for each 1 Mb bin
and jointed together if they were located at bin boundaries. To
reduce the chance of false positives, indels were further
selected only if they contained 6 probes and interrogated by
1 probe/1 kb density.
Annotation-based analysis
Raw intensities from .CEL files of cDNA hybridizations were
corrected for spatial effects and log transformed as previously
described [66]. For annotation-based analysis, probes with
the 5% weakest intensity in genomic DNA hybridization,
probes interrogating the 125,043 SFPs (5% FDR) and 1,781
indels, intergenic probes, probes spanning exon boundaries,
and probes interrogating multiple transcripts were excluded
from the RNA data. The intensities of the remaining probes
were quantile normalized. Exon probes were defined as
probes interrogating gene sequences that present in 50% of
the expressed clones. Intron probes were defined as probes
interrogating gene sequences that either were absent in
expressed clones or present in <50% of expressed clones. For
each probe, the probe effect was removed by subtracting the
mean log intensity across all samples. Genes with 3 exon
probes were analyzed for differential expression by fitting a
linear model: Intensity = Additive + Dominant + Maternal +
Error. The additive, dominant and maternal terms were con-
trasted as (1, -1, 0, 0), (0, 0, 1, 1), (0, 0, -1, 1), respectively,
within the linear model. Exonic differential splicing was ana-
lyzed for genes with 2 exons and 5 exon probes. Intronic
differential splicing was analyzed for genes with 2 exons and
3 exon probes. Within these selected genes, exons or introns
containing 2 probes were subjected to further analysis.
For exonic splicing analysis using probe intensities corrected
by gene mean, for each gene the probe intensities were fitted
by the linear model: Intensity = Additive + Dominant +
Maternal + Error. For each exon, the residuals were then fit-
ted by the linear model: Residual = Additive + Dominant +
Maternal + Error. For exonic splicing analysis using probe
intensities corrected by gene median, exon probe intensities
were corrected by a median-polished gene expression value
estimated across strain replicates and gene probes, which
were then fitted by the linear model. For exonic splicing anal-
ysis using splicing indices, the mean exon expression was
summarized as the mean across exon probes for each repli-
cate sample. Gene expression was then calculated as the aver-
age of exon means across exons and across replicate samples
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mean) were then fitted by the linear model. Both corrected
exon probe intensities and the splicing indices generally
showed distributions close to a normal distribution (data not
shown).
For detection of intronic differential splicing, intron probe
intensities were directly fitted by the linear model: Intensity
= Additive + Dominant + Maternal + Error. FDRs were deter-
mined by 1,000 permutations, with the following procedure:
step 1, fit a partial model missing the term being tested; step
2, permute residuals; step 3, add permutated residuals to the
predicted values; step 4, fit those data with a full model; step
5, calculate a d score; step 6, repeat steps 2 to 5 for 1,000
times. The null hypothesis here is that the term being tested
is not significant; thus, residuals from partial modeling are
assumed to be independent random variables that could be
permutated by across samples. The d score is defined as the
Coefficient/(Standard deviation + s0), where s0 is the median
of standard deviations across all genes and all permutations
[42]. The adding of constant s0 to the denominator is to avoid
very small effect genes being called significant [42]. The d
scores were ranked for each of the 1,000 permutations and a
null distribution was obtained by averaging d scores across
permutations for each rank. For each threshold, the FDR was
calculated as the average number of permutation d scores
exceeding the threshold divided by the number of real d
scores exceeding that threshold [42]. We found that FDRs
calculated by this method sometimes exceeded 100%. This
was due to the d score distribution of non-significant genes in
real data being tighter than the null [42], meaning no signifi-
cant enrichment over background.
To detect ASE, probes with the 5% weakest intensities in
genomic DNA hybridization, intergenic probes, probes span-
ning exon boundaries, and probes interrogating multiple
transcripts were excluded from the RNA data. Exon probes
were defined as probes interrogating gene sequences that
present in 50% of the expressed clones. These exon probes,
including non-SFP probes and SFP probes, were quantile
normalized. A total of 9,745 genes containing 5 non-SFP
exon probes and 1 SFP exon probe were selected for further
analysis. For each gene, the additive, dominant and maternal
effects were estimated by the linear model. These effects were
subtracted from the log intensities of SFP probes to correct
for fold difference of gene expression level across genotypes.
The corrected SFP probe intensities reflected the relative
binding (allelic composition) for a given amount of target.
Under the linear assumption, the intensity of SFP probes is
expressed as:
ICol = CCol × SCol
IVan = CVan × SVan
Imid = 1/2 × CCol × SCol + 1/2 × CVan × SVan (1)
Here, I represents probe intensity, C target concentration,
and S binding coefficient for the corresponding target. Sup-
pose Cm-Col = Cm-Van = Cm and Cg-Col = Cg-Van = Cg, where sub-
script m- and g- represent RNA and DNA hybridization,
respectively, it follows that:
Im-Col/Ig-Col = Im-Van/Ig-Van = Im-mid/Ig-mid = Cm/Cg
or
log Im-Col - log Ig-Col = log Im-Van - log Ig-Van = log Im-mid - log Ig-mid (2)
Re-arranging equation 2, we have:
log Im-mid = log Ig-mid + 1/2 × (log Im-Col - log Ig-Col + log Im-Van - 
log Ig-Van) = log Ig-mid + 1/2 × D
We included both Col and Van genomic hybridizations here to
estimate the mid-parent values, in an attempt to reduce the
estimation bias associated with different targets. For each
SFP probe, D was calculated using mean log intensities across
four replicates of genomic or RNA hybridization for Col and
Van. We then obtained eight independent mid-parent values
from the eight replicates of F1 genomic hybridization. For
each gene, the eight replicates of F1 RNA hybridization were
tested for deviation from the mid-parent values by a simple
linear regression across SFP probes within the gene. A per-
mutation approach was applied to determine the FDR.
ASE was also analyzed using mid-parent values estimated as
the average natural intensities of parents for RNA hybridiza-
tions (equation 1). The log transformed probe intensities were
first converted back to natural intensities. Using non-SFP
probes, the median-polished gene intensity was estimated for
each genotype. The SFP probe intensities were divided by the
corresponding gene intensities to correct for expression dif-
ference. Then, for each SFP probe, the mid-parent values
were estimated as the average of parental values. Four inde-
pendent data points were obtained by pairing four replicates
of Col and Van RNA hybridizations without replacement. The
eight replicates of F1 RNA hybridization and four mid-parent
values were then log transformed for linear regression. A per-
mutation approach was applied to determine the FDR.
To estimate the effect of SFP probes on the analysis of natural
transcirptome variation, we applied variance partition for
genes/exons/introns that contained 1 non-SFP probe and 1
SFP probe on parental strain expression data. An ANOVA
model, Gene/exon/intron intensity = Genotype + SFP + Gen-
otype × SFP + Error, was tested for each gene/exon/intron.
Here, the probes with the 5% weakest signals, probes interro-
gating the 125,043 SFPs and 1,781 indels were not removed
from the RNA data, as if there were no genomic DNA hybrid-
ization data available. The same set of genes/exons/introns
was compared for analyses with and without SFP probes.http://genomebiology.com/2008/9/11/R165 Genome Biology 2008,     Volume 9, Issue 11, Article R165       Zhang et al. R165.15
Genome Biology 2008, 9:R165
The annotation-based analysis was coded as R scripts (Addi-
tional data file 5).
Hidden Markov model
For HMM analysis, probes with the 5% weakest intensities in
genomic DNA hybridization, probes interrogating the
125,043 SFPs (5% FDR) and 1,781 indels were excluded from
the RNA data. The intensities of the remaining probes were
quantile normalized. Probe level p-values were collected from
one-sided two sample t-test for the alternative hypothesis H1:
Van > Col. We included three hidden states in our model to
distinguish equal, Col higher, and Van higher expression.
Each state contained a discrete emission distribution with 50
bins equally spaced from zero to one. The probability of state
transitions was represented by a 3 × 3 base transition matrix
T, which contained three free parameters, tii for i = {1, 2, 3},
where tii is the probability of staying in the same state (i) from
one base to the next. The off-diagonal elements in this matrix
were determined by the equation tij = (1-tii)/2. Since probes
were not always equally spaced, we treated state transitions
as a simple Markov chain such that the probability of a state
transition tij * between two probes whose midpoints are b
bases apart was defined by the matrix T* = Tb. We used a
modified version of the Baum-Welch algorithm [48] to obtain
estimates for the emission distributions for the three states
and the transition probabilities tii. In our modified approach,
the standard expectation-maximization procedure was
applied to estimate the emission distributions during each
iteration of the Baum-Welch algorithm. During the conver-
gence of the Baum-Welch algorithm, a quasi-Newton
bounded optimization algorithm known as L-BFGS-B [49]
was applied once every ten iterations to re-estimate the tran-
sition probabilities within the bounded interval [0.95, 1] for i
= {1, 2, 3}. It does not appear that our bounds affected transi-
tion estimates as all transitions were estimated to take values
at some distance from the bounds. Parameter estimation was
done twice for each chromosome, using different starting
emission distributions to make sure that the Baum-Welch
algorithm was converging to the global maximum of the
parameter likelihood surface rather than local peaks. Follow-
ing parameter estimation, the Forward-Backward algorithm
was applied to determine the posterior probability of each
state for each probe. Segments were collected within which all
probes have a state 1, state 2 or state 3 posterior probability >
0.99.
Differential segments (state 2 and 3 segments) were com-
pared with annotation. For each of the annotated genes inter-
rogated by 3 probes, we collected all differential segment(s)
that contained 3 probes within the annotated gene bounda-
ries. Differentially expressed genes were defined as those
annotated genes that had 1/3 probes located within the
observed differential segment(s). Differentially spliced genes
were defined as those annotated genes that had <1/3 probes
located within the differential segment(s), or those genes that
contained  2 differential segments from opposing hidden
states. Differential segments overlapping with annotated
gene boundaries and extending those boundaries by 3
probes detected novel gene boundaries. In addition, these dif-
ferential segments for novel gene boundaries were either not
overlapped with adjacent genes, or overlapped but the dis-
tances between the two neighboring gene boundaries were
10 probes. Differential segments (5 probes) completely
outside of any annotated gene region represented novel tran-
scripts.
The implementation of HMM and the related analysis was
coded as R scripts (Additional data file 6).
Abbreviations
ASE: allele specific expression; eQTL: expression quantitative
trait loci; FDR: false discovery rate; HMM: hidden Markov
model; RT-PCR: reverse transcription PCR; SFP: single fea-
ture polymorphism.
Authors' contributions
JOB conceived the study. XZ carried out the experiments. XZ,
JKB (implemented the generalized HMM) and JOB analyzed
the data. XZ, JKB and JOB drafted the manuscript. TG car-
ried out the array annotation. W-HL advised the implementa-
tion of the generalized HMM. All authors read and approved
the final manuscript.
Additional data files
The following additional data are available with the online
version of this paper. Additional data file 1 provides supple-
mental figures. Additional data file 2 provides supplemental
tables. Additional data file 3 provides gene plots and gel pic-
tures for splicing validation. Additional data file 4 provides
genome tracks of SFPs, indels, expression variation, ASE,
splicing variation and transcribed fragment variation. Addi-
tional data file 5 provides R codes for annotation-based anal-
ysis. Additional data file 6 provides R codes for HMM
analysis.
Additional data file 1 Supplemental figures Supplemental figures. Click here for file Additional data file 2 Supplemental tables Supplemental tables. Click here for file Additional data file 3 Gene plots and gel pictures for splicing validation Gene plots and gel pictures for splicing validation. Click here for file Additional data file 4 Genome tracks of SFPs, indels, expression variation, ASE, splicing  variation and transcribed fragment variation Genome tracks of SFPs, indels, expression variation, ASE, splicing  variation and transcribed fragment variation. Click here for file Additional data file 5 R codes for annotation-based analysis R codes for annotation-based analysis. Click here for file Additional data file 6 R codes for HMM analysis R codes for HMM analysis. Click here for file
Acknowledgements
We thank the green house staff of the University of Chicago for taking care
of the plants. We thank Andrew Cal for reading the manuscript. XZ was
supported by start-up funds to JOB and a NIH grant (R01GM073822) to
JOB. JKB was supported by the Department of Education's Graduate
Assistance in Areas of National Needs (P-P200A030043) and NIH grants
(GM30998 and GM081724) to W-HL. W-HL was supported by NIH grants
(GM30998 and GM081724). JOB was supported by a NIH grant
(R01GM073822).
References
1. Morley M, Molony CM, Weber TM, Devlin JL, Ewens KG, Spielman
RS, Cheung VG: Genetic analysis of genome-wide variation in
human gene expression.  Nature 2004, 430:743-747.
2. Yvert G, Brem RB, Whittle J, Akey JM, Foss E, Smith EN, Mackelprang
R, Kruglyak L: Trans-acting regulatory variation in Saccharo-http://genomebiology.com/2008/9/11/R165 Genome Biology 2008,     Volume 9, Issue 11, Article R165       Zhang et al. R165.16
Genome Biology 2008, 9:R165
myces cerevisiae and the role of transcription factors.  Nat
Genet 2003, 35:57-64.
3. Ronald J, Brem RB, Whittle J, Kruglyak L: Local regulatory varia-
tion in Saccharomyces cerevisiae.  PLoS Genet 2005, 1:e25.
4. Brem RB, Yvert G, Clinton R, Kruglyak L: Genetic dissection of
transcriptional regulation in budding yeast.  Science 2002,
296:752-755.
5. Schadt EE, Monks SA, Drake TA, Lusis AJ, Che N, Colinayo V, Ruff
TG, Milligan SB, Lamb JR, Cavet G, Linsley PS, Mao M, Stoughton RB,
Friend SH: Genetics of gene expression surveyed in maize,
mouse and man.  Nature 2003, 422:297-302.
6. Yan H, Yuan W, Velculescu VE, Vogelstein B, Kinzler KW: Allelic
variation in human gene expression.  Science 2002, 297:1143.
7. Lo HS, Wang Z, Hu Y, Yang HH, Gere S, Buetow KH, Lee MP: Allelic
variation in gene expression is common in the human
genome.  Genome Res 2003, 13:1855-1862.
8. Pastinen T, Hudson TJ: Cis-acting regulatory variation in the
human genome.  Science 2004, 306:647-650.
9. Kiekens R, Vercauteren A, Moerkerke B, Goetghebeur E, Daele H
Van Den, Sterken R, Kuiper M, van Eeuwijk F, Vuylsteke M:
Genome-wide screening for cis-regulatory variation using a
classical diallel crossing scheme.  Nucleic Acids Res 2006,
34:3677-3686.
10. Guo M, Rupe MA, Zinselmeier C, Habben J, Bowen BA, Smith OS:
Allelic variation of gene expression in maize hybrids.  Plant Cell
2004, 16:1707-1716.
11. Stupar RM, Springer NM: Cis-transcriptional variation in maize
inbred lines B73 and Mo17 leads to additive expression pat-
terns in the F1 hybrid.  Genetics 2006, 173:2199-2210.
12. Gibson G, Riley-Berger R, Harshman L, Kopp A, Vacha S, Nuzhdin S,
Wayne M: Extensive sex-specific nonadditivity of gene expres-
sion in Drosophila melanogaster.  Genetics 2004, 167:1791-1799.
13. Ranz JM, Namgyal K, Gibson G, Hartl DL: Anomalies in the
expression profile of interspecific hybrids of Drosophila mela-
nogaster and Drosophila simulans.  Genome Res 2004, 14:373-379.
14. Wayne ML, Pan YJ, Nuzhdin SV, McIntyre LM: Additivity and trans-
acting effects on gene expression in male Drosophila simu-
lans.  Genetics 2004, 168:1413-1420.
15. Rottscheidt R, Harr B: Extensive additivity of gene expression
differentiates subspecies of the house mouse.  Genetics 2007,
177:1553-1567.
16. Cui X, Affourtit J, Shockley KR, Woo Y, Churchill GA: Inheritance
patterns of transcript levels in F1 hybrid mice.  Genetics 2006,
174:627-637.
17. Swanson-Wagner RA, Jia Y, DeCook R, Borsuk LA, Nettleton D,
Schnable PS: All possible modes of gene action are observed in
a global comparison of gene expression in a maize F1 hybrid
and its inbred parents.  Proc Natl Acad Sci USA 2006,
103:6805-6810.
18. Vuylsteke M, van Eeuwijk F, Van Hummelen P, Kuiper M, Zabeau M:
Genetic analysis of variation in gene expression in Arabidop-
sis thaliana.  Genetics 2005, 171:1267-1275.
19. Reed R: Mechanisms of fidelity in pre-mRNA splicing.  Curr
Opin Cell Biol 2000, 12:340-345.
20. Stevens SW, Abelson J: Yeast pre-mRNA splicing: methods,
mechanisms, and machinery.  Methods Enzymol 2002,
351:200-220.
21. Maniatis T, Tasic B: Alternative pre-mRNA splicing and pro-
teome expansion in metazoans.  Nature 2002, 418:236-243.
22. Staiger D, Zecca L, Wieczorek Kirk DA, Apel K, Eckstein L: The cir-
cadian clock regulated RNA-binding protein AtGRP7
autoregulates its expression by influencing alternative splic-
ing of its own pre-mRNA.  Plant J 2003, 33:361-371.
23. Kwon YT, Kashina AS, Varshavsky A: Alternative splicing results
in differential expression, activity, and localization of the two
forms of arginyl-tRNA-protein transferase, a component of
the N-end rule pathway.  Mol Cell Biol 1999, 19:182-193.
24. Mano S, Hayashi M, Nishimura M: A leaf-peroxisomal protein,
hydroxypyruvate reductase, is produced by light-regulated
alternative splicing.  Cell Biochem Biophys 2000, 32:147-154.
25. Zhang N, Kallis RP, Ewy RG, Portis AR Jr: Light modulation of
Rubisco in Arabidopsis requires a capacity for redox regula-
tion of the larger Rubisco activase isoform.  Proc Natl Acad Sci
USA 2002, 99:3330-3334.
26. Matlin AJ, Clark F, Smith CW: Understanding alternative splic-
ing: towards a cellular code.  Nat Rev Mol Cell Biol 2005,
6:386-398.
27. Reddy AS: Plant serine/arginine-rich proteins and their role in
pre-mRNA splicing.  Trends Plant Sci 2004, 9:541-547.
28. Lorkovic ZJ, Barta A: Genome analysis: RNA recognition motif
(RRM) and K homology (KH) domain RNA-binding proteins
from the flowering plant Arabidopsis thaliana.  Nucleic Acids Res
2002, 30:623-635.
29. Lorkovic ZJ, Wieczorek Kirk DA, Lambermon MH, Filipowicz W:
Pre-mRNA splicing in higher plants.  Trends Plant Sci 2000,
5:160-167.
30. Brown JW, Simpson CG: Splice site selection in plant pre-
mRNA splicing.  Annu Rev Plant Physiol Plant Mol Biol 1998, 49:77-95.
31. Ner-Gaon H, Halachmi R, Savaldi-Goldstein S, Rubin E, Ophir R, Fluhr
R: Intron retention is a major phenomenon in alternative
splicing in Arabidopsis.  Plant J 2004, 39:877-885.
32. Wang BB, Brendel V: Genomewide comparative analysis of
alternative splicing in plants.  Proc Natl Acad Sci USA 2006,
103:7175-7180.
33. Zhang W, Duan S, Kistner EO, Bleibel WK, Huang RS, Clark TA,
Chen TX, Schweitzer AC, Blume JE, Cox NJ, Dolan ME: Evaluation
of genetic variation contributing to differences in gene
expression between populations.  Am J Hum Genet 2008,
82:631-640.
34. Clark TA, Sugnet CW, Ares M Jr: Genomewide analysis of
mRNA processing in yeast using splicing-specific microar-
rays.  Science 2002, 296:907-910.
35. Johnson JM, Castle J, Garrett-Engele P, Kan Z, Loerch PM, Armour
CD, Santos R, Schadt EE, Stoughton R, Shoemaker DD: Genome-
wide survey of human alternative pre-mRNA splicing with
exon junction microarrays.  Science 2003, 302:2141-2144.
36. Shoemaker DD, Schadt EE, Armour CD, He YD, Garrett-Engele P,
McDonagh PD, Loerch PM, Leonardson A, Lum PY, Cavet G, Wu LF,
Altschuler SJ, Edwards S, King J, Tsang JS, Schimmack G, Schelter JM,
Koch J, Ziman M, Marton MJ, Li B, Cundiff P, Ward T, Castle J,
Krolewski M, Meyer MR, Mao M, Burchard J, Kidd MJ, Dai H, et al.:
Experimental annotation of the human genome using micro-
array technology.  Nature 2001, 409:922-927.
37. Borevitz JO, Ecker JR: Plant genomics: the third wave.  Annu Rev
Genomics Hum Genet 2004, 5:443-477.
38. Mockler TC, Chan S, Sundaresan A, Chen H, Jacobsen SE, Ecker JR:
Applications of DNA tiling arrays for whole-genome analy-
sis.  Genomics 2005, 85:1-15.
39. Borevitz JO, Liang D, Plouffe D, Chang HS, Zhu T, Weigel D, Berry
CC, Winzeler E, Chory J: Large-scale identification of single-fea-
ture polymorphisms in complex genomes.  Genome Res 2003,
13:513-523.
40. Borevitz JO, Hazen SP, Michael TP, Morris GP, Baxter IR, Hu TT,
Chen H, Werner JD, Nordborg M, Salt DE, Kay SA, Chory J, Weigel
D, Jones JD, Ecker JR: Genome-wide patterns of single-feature
polymorphism in Arabidopsis thaliana.  Proc Natl Acad Sci USA
2007, 104:12057-12062.
41. David L, Huber W, Granovskaia M, Toedling J, Palm CJ, Bofkin L,
Jones T, Davis RW, Steinmetz LM: A high-resolution map of tran-
scription in the yeast genome.  Proc Natl Acad Sci USA 2006,
103:5320-5325.
42. Tusher VG, Tibshirani R, Chu G: Significance analysis of micro-
arrays applied to the ionizing radiation response.  Proc Natl
Acad Sci USA 2001, 98:5116-5121.
43. Kim SY, Volsky DJ: PAGE: parametric analysis of gene set
enrichment.  BMC Bioinformatics 2005, 6:144.
44. Ronald J, Akey JM, Whittle J, Smith EN, Yvert G, Kruglyak L: Simul-
taneous genotyping, gene-expression measurement, and
detection of allele-specific expression with oligonucleotide
arrays.  Genome Res 2005, 15:284-291.
45. Garnier O, Laoueille-Duprat S, Spillane C: Genomic imprinting in
plants.  Epigenetics 2008, 3:14-20.
46. Kliebenstein DJ, West MA, van Leeuwen H, Kim K, Doerge RW,
Michelmore RW, St Clair DA: Genomic survey of gene expres-
sion diversity in Arabidopsis thaliana.  Genetics 2006,
172:1179-1189.
47. Marioni JC, Thorne NP, Tavare S: BioHMM: a heterogeneous hid-
den Markov model for segmenting array CGH data.  Bioinfor-
matics 2006, 22:1144-1146.
48. Baum L, Peterie T, Souled G, Weiss N: A maximization technique
occurring in the statistical analysis of probabilistic functions
of markov chains.  Ann Math Stat 1970, 41:164-171.
49. Zhu C, Byrd RH, Nocedal J: L-BFGS-B: Algorithm 778: L-BFGS-
B, FORTRAN routines for large scale bound constrained
optimization.  ACM Trans Math Software 1997, 23:550-560.
50. Torii KU, Mitsukawa N, Oosumi T, Matsuura Y, Yokoyama R, Whit-http://genomebiology.com/2008/9/11/R165 Genome Biology 2008,     Volume 9, Issue 11, Article R165       Zhang et al. R165.17
Genome Biology 2008, 9:R165
tier RF, Komeda Y: The Arabidopsis ERECTA gene encodes a
putative receptor protein kinase with extracellular leucine-
rich repeats.  Plant Cell 1996, 8:735-746.
51. Keurentjes JJ, Fu J, Terpstra IR, Garcia JM, Ackerveken G van den,
Snoek LB, Peeters AJ, Vreugdenhil D, Koornneef M, Jansen RC: Reg-
ulatory network construction in Arabidopsis  by using
genome-wide gene expression quantitative trait loci.  Proc
Natl Acad Sci USA 2007, 104:1708-1713.
52. West MA, Kim K, Kliebenstein DJ, van Leeuwen H, Michelmore RW,
Doerge RW, St Clair DA: Global eQTL mapping reveals the
complex genetic architecture of transcript-level variation in
Arabidopsis.  Genetics 2007, 175:1441-1450.
53. van Leeuwen H, Kliebenstein DJ, West MA, Kim K, van Poecke R,
Katagiri F, Michelmore RW, Doerge RW, St Clair DA: Natural var-
iation among Arabidopsis thaliana accessions for transcrip-
tome response to exogenous salicylic acid.  Plant Cell 2007,
19:2099-2110.
54. Bomblies K, Weigel D: Hybrid necrosis: autoimmunity as a
potential gene-flow barrier in plant species.  Nat Rev Genet
2007, 8:382-393.
55. Auger DL, Gray AD, Ream TS, Kato A, Coe EH Jr, Birchler JA: Non-
additive gene expression in diploid and triploid hybrids of
maize.  Genetics 2005, 169:389-397.
56. Brem RB, Kruglyak L: The landscape of genetic complexity
across 5,700 gene expression traits in yeast.  Proc Natl Acad Sci
USA 2005, 102:1572-1577.
57. Bing N, Hoeschele I: Genetical genomics analysis of a yeast seg-
regant population for transcription network inference.
Genetics 2005, 170:533-542.
58. Birzele F, Csaba G, Zimmer R: Alternative splicing and protein
structure evolution.  Nucleic Acids Res 2008, 36:550-558.
59. Kazan K: Alternative splicing and proteome diversity in
plants: the tip of the iceberg has just emerged.  Trends Plant Sci
2003, 8:468-471.
60. Bailey S, Walters RG, Jansson S, Horton P: Acclimation of Arabi-
dopsis thaliana to the light environment: the existence of sep-
arate low light and high light responses.  Planta 2001,
213:794-801.
61. Laubinger S, Zeller G, Henz SR, Sachsenberg T, Widmer CK, Naouar
N, Vuylsteke M, Scholkopf B, Ratsch G, Weigel D: At-TAX: a whole
genome tiling array resource for developmental expression
analysis and transcript identification in Arabidopsis thaliana.
Genome Biol 2008, 9:R112.
62. Jones-Rhoades MW, Borevitz JO, Preuss D: Genome-wide expres-
sion profiling of the Arabidopsis female gametophyte identi-
fies families of small, secreted proteins.  PLoS Genet 2007,
3:1848-1861.
63. Rozen S, Skaletsky H: Primer3 on the WWW for general users
and for biologist programmers.  Methods Mol Biol 2000,
132:365-386.
64. Gene Expression Omnibus   [http://www.ncbi.nlm.nih.gov/geo]
65. The Arabidopsis Information Resource   [http://www.arabidop
sis.org]
66. Borevitz JO, Maloof JN, Lutes J, Dabi T, Redfern JL, Trainer GT,
Werner JD, Asami T, Berry CC, Weigel D, Chory J: Quantitative
trait loci controlling light and hormone response in two
accessions of Arabidopsis thaliana.  Genetics 2002, 160:683-696.